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WHAT INFLUENCES SCHOOL DISTRICT  
EFFECTIVENESS GROWTH TRAJECTORIES? 




As a local education agency, school districts play an important role in providing 
instructional support for teachers and school leaders, making instructional goals, and 
allocating financial and human capital resources in a rational way to promote overall 
students’ learning outcomes. Studies on school districts that look to find reasons or 
characteristics related to school district success are known as district effectiveness 
research (DER). Previous quantitative research in DER using longitudinal dataset has 
assumed that all school district effectiveness (SDE) changes in a common pattern through 
a traditional ordinary linear regression or a hierarchal linear model, while ignoring the 
probability that there might exist distinct subgroups of school district effectiveness 
trajectories. Thus, the purpose of the present study was to examine the existence of 
different SDE trajectories and how school district demographic variables and financial 
expenditures affect classification of SDE groups using a growth mixture model (GMM) 





and Washington D.C. from 2009 to 2015 (n = 11,185). The results indicated that (a) there 
are three different classes of school district effectiveness growth trajectories, which can 
be named as a constant SDE group (3.66%), a decreasing SDE group (34.16%), and an 
increasing SDE group (62.18%); (b) school district demographic characteristics such as a 
percentage of free lunch students and general administration expenditure per pupil are 
significantly associated with the probability of a school district being classified to a 
specific group; and (c) the longitudinal effects of school district demographic covariates 
and financial expenditures within each class such as school district locations (e.g., urban, 
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The purpose of the present study was to examine to what extent there are  
different school district effectiveness trajectories and how school district background 
characteristics influence school districts growth patterns. A national longitudinal dataset 
containing all public school districts in all 50 states and Washington, D.C. in the United 
States from 2009 to 2010 through 2015 to 2016 were used. As a primary intermediate 
organization in the education system, the school district remains a vital role in the local 
democratic control and a major unit for making education decisions (Snyder, de Brey, & 
Dillow, 2016). Starting in the 1980s, a growing body of studies began to focus on using 
school districts as a critical analytical unit in educational policy, leadership, and 
measurement research areas. Research topics related to school districts include but are 
not limited to the definition of school districts; the composite of school districts; the role 
that school districts play in school reformations; and how school district-level policies 
and decisions affect teachers’ and students’ performances.  
A persistent question within the research on school districts is finding reasons or 
characteristics related to school district success, known as district effectiveness research 
(DER). In the early age of DER, researchers mainly focused on central office practices 
that were linked with policies, and practices of school districts that intended to promote 





(1985) argued that school districts could promote successful school reforms through 
several leadership practices, such as setting clear goals at the school level and providing 
coherent and organized staff development. A more recent study conducted by Leithwood 
(2010) examined 31 previous studies on district effectiveness and summarized 10 district 
characteristics that are most effective in promoting students’ educational outcomes, 
including setting instructional goals, promoting instructional improvement, and aligning 
multiple resources such as personnel policies and financial allocations. 
Compared to qualitative studies that explored and generalized effective leadership 
practices from central office personnel at school district levels, quantitative studies in 
DER aimed to estimate the effect size of school districts on students’ or teachers’ 
performances and explore what district demographic variables are associated with the 
effect size with statistical models such as ordinary least square (OLS) regressions and 
hierarchical linear models (HLM) (Bowers, 2010; Chingos, Whitehurst, & Gallaher, 
2015; Marzano, Waters, & McNulty, 2005; Okpala, Okpala, & Smith, 2001; Payne & 
Biddle, 1999; Resnick & Glennan, 2002). Nevertheless, all the quantitative studies in 
DER to date have a common assumption in their statistical analysis: they assume all the 
covariates associated with school district effectiveness measured by students’ 
achievement scores have consistent effects across all school districts. This assumption 
has resulted in fitting a single line for all the school districts, but ignores the point that 
there might be different growth patterns or multiple change trajectories for school district 
effectiveness. Also, estimating the effects of different covariates on school district 
effectiveness with traditional regression models such as an ordinary least square (OLS) 





school effectiveness may be related differently to the same covariates. For instance, 
researchers found that the relationship between financial expenditures and students’ 
educational outcomes showed inconsistent patterns. Some studies found positive 
relationships between educational achievement and instructional expenditures (Payne & 
Biddle, 1999), while others found no strong or negative relationship between 
expenditures and student performance (Okpala et al., 2001). Moreover, previous studies 
exploring students’ longitudinal academic performances indicated there are significantly 
distinct changing patterns in students’ reading or mathematical abilities measured by 
different achievement tests. Since students’ performance on reading and math tests is a 
common measure of school district effectiveness, it is appropriate to assume that different 
types of growth patterns of school district effectiveness may be measured by students’ 
academic performance through time that changes in various ways. 
From the above considerations, the present study hypothesized that there exist 
significantly distinct district effectiveness growth trajectories and district demographic 
characteristics associated with district growth trajectories in various ways. Instead of 
fitting all the school districts with a common slope and intercept as in previous studies, 
the present research proposed to use growth mixture modeling (GMM) to identify 
statistically distinct groups of trajectories for school district effectiveness, controlling for 
known covariates, background, and context variables (Jung & Wickrama, 2008; Muthén 
& Shedden, 1999; Shiyko, Ram, & Grimm, 2012; White & Bowers, 2011).  
Chapter II reviews previous research related to DER with a focus on quantitative 
analysis in this area. Specifically, a thorough review of the measurement of school 





in detail. In Chapter III, the detailed data and variables used in the present study are 
outlined, and Chapter IV presents results for the present study. Then Chapter V 
summarizes the research findings of the present study and discusses implications and 
limitations of the study. Finally, Chapter VI briefly presents the major findings of the 









Chapter II  
BACKGROUND AND LITERATURE REVIEW 
 
In this chapter, I first briefly review the development of school district research 
and major conclusions drawn from qualitative studies in DER. Second, I thoroughly 
review the measurement of school district effectiveness and summarize important 
findings in quantitative research. Third, I discuss the emerging literature related to 
typologies of school district effectiveness and students’ achievement growth. Finally, I 
discuss the analytical model—the growth mixture model—that was applied in the present 
study. 
2.1 Development and Findings From Qualitative Studies in DER 
In the United States, public schools are nested within school districts, which 
means their daily practices are heavily influenced by any changes in school district-level 
policies and leadership practices. Actually, nearly 50 million children are educated in 
13,515 “regular” public school districts (Snyder et al., 2016) in the United States. School 
districts serve as a central institution in U.S. educational systems and few would deny its 
effects to provide support for schools in various aspects such as making instructional 
goals, providing instructional support for teachers and school leaders, and allocating 
financial and human capital resources in a rational way to promote overall students’ 





or centralized in its long lifespan. A recent review conducted by Gamson and Hodege 
(2016) thoroughly depicted the historical evolution of the school district over the past two 
centuries in the United States. As noted by the authors, in the early 1990s, some 
researchers considered school districts as an “outdated” institution in guiding schools 
toward expected improvements and adapting to new circumstances (David, 1989; Floden 
et al., 1988; Sarason, 1990; Vinovskis, 1996), and so it should be sided-step or curbed so 
as to reduce bureaucratic and inefficient procedures (Togneri & Anderson, 2003). In 
contrast, by the mid-1990s, Spillane and Thompson (1997) proposed a study of “School 
Districts Matter” by flagging out the way that district leaders understand policy problems 
and how their own solutions are important to school reforms. The researchers argued that 
school districts would provide instructional guidance through professional development, 
curriculum guidelines, and teacher supervision, thus discounting that the role of school 
districts would not prevent districts from being involved in policymaking. Alongside this 
trend, some researchers began to look deeply into those school districts recognized as 
“successful” or “effective” so as to summarize instructional practices that may generalize 
to other school districts and promote students’ educational outcomes. Such kinds of 
research are termed as district effectiveness research (DER). In other words, research 
related to how school districts achieve and maintain success or the way school districts 
contribute to overall educational outcomes is known as district effectiveness research 
(DER). According to a review on the last three decades of DER (Anderson & Young, 
2018; Honig, 2003; Leithwood, 2010), more than half (50 out of 98 studies examined in 
the review) of studies employed a qualitative research design that include in-depth 





central office personnel actions and extrapolate generalized practices or correlates with 
school district effectiveness (Honig, 2003; Leithwood, 2010; May & Supovitz, 2006). 
Four major conclusions were drawn by previous DER literature with qualitative research 
studies.  
First, beyond the effects of single principals and administrators, school district 
leadership practices promote teachers’ professional development, school reforms, and 
students’ overall learning, especially when focusing on instructional and pedagogical 
practices. Second, school districts were able to arrange multiple human and financial 
resources in an effective way that promotes professional development not only for 
teachers but also for school leaders, which further improves overall teaching qualities 
(Darling-Hammond, 2000; Elmore & Burney, 1999). Third, a coherence of educational 
structure from the school to the district and to the state is expected to promote 
collaborative policymaking, which in turn benefits students’ learning outcomes and 
teaching qualities (Smith & O’Day, 1990; Thompson, Sykes, & Skrla, 2008). Fourth, 
school districts can make effective use of data, including regular practices such as 
monitoring school progress, setting a clear measurable goal, guiding schools’ self-
appraisal procedures, and showing continuous improvement patterns (Honig & Coburn, 
2008; Honig & Rainey, 2015; Honig & Venkateswaran, 2012; May & Supovitz, 2006; 
Simmons & Codding, 2006).  
However, critics of qualitative research in DER include, but are not limited to, the 
following issues. First, the sample size in most qualitative studies in DER is too small to 
generalize findings to a broader context, with the majority of research including a sample 





studies are undergoing a reformation and qualitative researchers have focused on how 
leadership practices for those school districts affect student educational outcomes. But 
conclusions generalized from school districts under reformations may not be applied to 
regular school districts. Third, almost all of the qualitative studies were conducted in 
urban school districts while little is known about what happened to school districts with 
other local codes such as rural, suburban, or small town. Considering the evident 
demographic characteristics for school districts with various urbanities, the use of 
qualitative study results from such studies might be limited to informing district leaders 
or policymakers in making general decisions. 
2.2 Measurement and Findings From Quantitative Studies in DER 
In this section, I first discuss the measurement of school district effectiveness in 
DER and discuss major findings from quantitative studies in DER. Trujillo (2013) 
detailed the measure of district effectiveness in previous quantitative DER studies with a 
systematic review of 50 primary studies on district effectiveness. The review found that 
86% of quantitative research that measured school district effectiveness relied on test 
scores, while 22% of studies measured school district effectiveness with other indicators, 
or along with test scores. For example, in a study measuring district effectiveness under 
high-stakes accountability policies, Opfer, Henry, and Mashburn (2008) incorporated a 
questionnaire designed to collect information on whether districts provide enough support 
in promoting teachers’ professional development and learning activities using a 
composite score of school district effectiveness. Other non-test score measures of district 
effectiveness include, but are not limited to, whether school districts maintain a healthy 





standards-aligned instruction that is easy to follow, and whether there are instructional 
interventions for low-performing students (Florian, 2000; Iatarola & Fruchte, 2004; Opfer 
et al., 2008; Resnick & Glennan, 2002). Among the studies that used test scores as a 
measure of school district effectiveness, the majority of research has focused on single 
test scores for a single grade, while only a few incorporate a composite score into the 
analysis, which was calculated as a weighted measure of various subjects such as reading 
or mathematics across different grades (e.g., Bowers, 2010, 2015).  
The broadened scope of district effectiveness measures indicates that DER 
researchers are trying to incorporate various indicators to measure or define district 
effectiveness, echoing a major critique in DER that only relying on test scores is too 
narrow to reflect the “whole picture” of school district effectiveness. However, test score-
based measures of effectiveness are predominant in the DER research for the following 
reasons.  
First, as Trujillo (2013) argued, test-score data are most readily accessible 
compared to other measures, especially when the study design requires a large sample. 
Second, test scores are correlated to many other aspects of school district success and are 
a reliable predictor of students’ future educational outcomes, such as risk of dropping out 
from schools, postsecondary school readiness, and admission to college (Atkinson & 
Geiser, 2009; Bowers & Sprott, 2012). For example, previous studies indicated that 
students’ performances on middle school math scores are strongly correlated with their 
high school mathematics achievement and also their high school course-taking patterns 
(Wang & Goldschmidt, 2003). Students who perform well in lower grades are more 





major in the future. Finally, the accountability pressure that district leaders are faced with 
is an important reason that leads to test score-centered measures in DER to some extent. 
After the authorization of No Child Left Behind (NCLB), states are required to hold 
schools accountable for students’ outcomes. Under the NCLB law, states are required to 
perform statewide standardized tests in mathematics and reading in Grades 3 through 8 
and report whether schools meet “adequate yearly progress” (AYP) goals set by the states 
based on the standardized test results. If a school fails to make AYP for multiple years, 
the school is faced with severe sanctions, including losing state funds or being shut down. 
Under the rigorous accountability requirement, leaders of both school and districts levels 
are more likely to focus on reforms or practices to improve students’ performance on 
state standardized tests. As required by NCLB, states began to enact different metrics 
measuring school and district overall performance based on students’ performance on 
state standardized test scores. For instance, Ohio State began to measure school and 
district performance on a composite score named the performance index score since 
2002; this is a weighted average score of all subjects tested, including mathematics, 
reading, science, writing, and social studies across Grade 3 to Grade 8. Schools and 
districts in Ohio received their designations from Excellent to Academic Emergency 
based on the PI score they achieved that year. In particular, schools with a PI score lower 
than 69 were classified as Academic Emergency, which suggested that the overall student 
population of the school was not meeting the state’s expectations. According to a recent 
review, other states among the 50 have similar metrics; 48 states and the District of 
Columbia have single or multiple continuous performance index scores to measure 





measuring schools or districts in each state’s data archive provides publicly available 
datasets for researchers to conduct quantitative studies in DER, which has also resulted in 
test score-centered measurement of district effectiveness. 
Compared to the majority of qualitative research in DER, quantitative studies 
comprise a relatively small part, with most studies relying on a single time point, whereas 
only a few studies use longitudinal datasets. The majority of quantitative research in DER 
indicates that school districts have a strong impact in promoting students’ learning, 
advancing teaching quality, focusing on sustained school-level professional development, 
and closing achievement gaps (Haycock, Jerald, & Huang, 2001; Iatarola & Fruchte, 
2004; Marzano et al., 2005; Resnick & Glennan, 20021). However, the lack of 
longitudinal studies in DER has always been an issue and many researchers have 
criticized that it limits generalizability and external reliabilities (Bowers, 2010, 2015; 
Trujillo, 2013). Since organizational improvements happen continuously and slowly 
(Smylie, 2009), it is essential to conduct longitudinal studies to explore the growth or 
change of district effectiveness over multiple years.  
In response to critics, a growing body of recent research has shifted focus to 
exploring school district effectiveness on students’ achievements over time. However,  
the findings of quantitative studies in DER with longitudinal datasets have been 
controversial. On one hand, quantitative research has indicated that school districts 
contributed to students’ academic performance from a longitudinal perspective. For 
example, researchers (Iatarola & Fruchte, 2004; Iatarola, Stiefel, & Schwartz, 2002) 
explored district effectiveness with a regression analysis controlling for student and 





well as prior-year test scores, using a 3-year dataset of New York City public schools and 
districts. The results indicated that districts make a statistically significant contribution to 
students’ achievement beyond the contributions of schools to students’ improvement in 
mathematical test scores. In addition, a set of studies conducted by Bowers (2010, 2015), 
with 7-year datasets in the entire school district population in Ohio State, indicated that, 
after controlling for districts’ demographic characteristic variables, the hierarchal growth 
model showed that 15 out of 610 school districts significantly outperformed their 
predicted gains, as measured by the mean of students’ performance on Ohio state 
standard tests. In other words, excluding the confounding effects caused by known 
covariates from previous literature, such as students’ attendance rates, percentage of low 
social-economic status students (SES), and student-teacher ratios, the 15 school districts 
identified by the model demonstrated “outstanding” district effectiveness from a long-
term time span compared to their peers. Thus, the author proposed a typology for this 
kind of district effectiveness by identifying how far the school districts’ actual 
performance gains are from its predicted gains. For the top 2.5% percentage of school 
districts whose actual 7-year gains are significantly higher than their predicted 7-year 
gains, the author named them as “outperforming school districts.” Similarly, for the 
bottom 2.5% percentage of school districts whose actual 7-year gains are significantly 
lower than their predicted gains, the author named them as “underperforming school 
districts.” For the majority of school districts (95%) whose actual 7-year gains are not 






However, Chingos and his colleagues (2015) analyzed of fourth and fifth grade 
students in Florida and North Carolina using a longitudinal dataset (2001-2009) with a 
hierarchical linear model analysis. This analysis indicated that the school district 
explained only a small amount of the variation in students’ mathematic scores—with a 
one standard deviation increase in district effectiveness associated with a 0.07-0.14 
standard deviation increase in student achievement in reading or mathematics for every 
year. They concluded that school districts have little or no effects on students’ academic 
achievement in both reading and mathematics. 
The controversial results from previous studies using longitudinal datasets have a 
common assumption in their statistical analysis: they assume that all the covariates 
associated with school district effectiveness measured by students’ achievement scores 
have consistent effects across all school districts. This assumption has led to fitting a 
single straight line for all the school districts. But such an assumption ignores the point 
that there might be different growth patterns or multiple change trajectories for school 
district effectiveness. Also, school districts with various changing trajectories may react 
differently to the same covariates.  
2.3 Toward Modeling the Heterogeneous Longitudinal Patterns  
of School District Effectiveness 
 
To address the above issues of using a single average growth estimate and 
describing growth patterns for all the individuals in the same way, growth mixture 
modeling (GMM) has recently been used to explore the possible existence of 
heterogeneity that might characterize distinct subgroups over time. Mixture modeling is a 





datasets that contain multiple distinct homogeneous groups (Muthén & Shedden, 1999). 
Instead of assuming that all individuals come from the same populations, a GMM 
assumes a “mixture” of growth curves which can accommodate the existence of 
subpopulations captured by latent classes of trajectories. In other words, a GMM allows 
each subpopulation to have distinct means, slopes, and variances. Additionally, 
traditional regression models, such as ordinary least square modeling (OLS), hierarchical 
linear models, and latent growth curve modeling, assume that effects of covariates on 
each are the same, while ignoring the possibility that individuals with various growth 
trajectories might react differently to the same covariate. The GMM approach, however, 
can specify multiple covariates to explain both within- and between-class variability 
simultaneously (Bauer & Curran, 2003; Feldman, Masyn, & Conger, 2009). 
For district effectiveness research, district effectiveness trajectories might be 
classified into distinct subpopulations for two reasons. First, the classifications of school 
district growth curves can be based on different rates of change across all school districts, 
even though all individuals are assumed to share a common growth functional form. For 
example, there might be subpopulations of school district effectiveness with varying rates 
of change such as linear and increasing, linear and decreasing, and linear but constant. 
Second, subpopulations of district effectiveness may have different functional forms of 
growth such as linear and curvilinear. Such different functional growth forms may 
produce distinct growth patterns of district effectiveness trajectories that can be captured 
by GMM. 
Although no study to date has examined subgroups of school district trajectory 





students’ longitudinal, mathematical, or reading growth patterns, and so GMM may 
provide a useful means of identifying subgroups of school district effectiveness 
trajectories. For instance, Hong and You (2012) applied a latent growth mixture model to 
a four-wave Early Childhood Longitudinal Study (ECLS) dataset to explore Latino 
children’s mathematical score change patterns. The results showed that there were four 
distinct growth trajectories for Latino children’s mathematics growth patterns, and 
covariates affected students’ mathematical scores in different ways. For example, the 
researcher found that students’ socioeconomic status has a significantly negative effect 
on promoting students’ mathematical growth for the highest-performing group, while it 
has a significant positive effect for the lowest-performing group. Additionally, in several 
studies examining longitudinal changes of students’ reading and mathematics 
achievement, researchers found various numbers of classes of learning trajectories with 
student groups that differed in both initial achievement and growth. For instance, Bilir, 
Binici, and Kamata (2008) examined subgroups of middle school students’ growth 
trajectories measured by Florida state reading tests with a 4-year dataset. The results 
indicated there are six distinct latent growth trajectories in students’ reading achievement 
performances, with four classes having positive growth with different growth rates, one 
class having negative growth trajectory, and one class having no significant changes over 
4 years. As students’ performance on reading and mathematical standard tests is a vital 
indicator in measuring school district effectiveness and a necessary composite in 
education evaluation and accountability systems in all 50 states and Washington, D.C. 





different patterns for school district effectiveness may exist across school districts in the 
United States.  
Additionally, a substantial literature shows no consistent association between 
students’ achievement test scores and different types of financial expenditures, which 
further supports the study’s assumption that the same covariates may react to growth 
factors (intercepts and slopes) in different ways. On one hand, findings from the Coleman 
(1966) report suggested that spending has little effect on students’ achievement after 
controlling for students’ social-economic status (SES); similar results or arguments were 
reinforced by other subsequent studies. For example, Okpala et al. (2001) found that 
expenditures on instructional supplies were not significant in accounting for mathematics 
test scores. Similarly, Shelock (2011) found that spending changes did not significantly 
affect reading or writing pass rates. Also, Card and Payne’s (2002) study suggested that 
there is no relationship between school achievement and expenditures measures when 
school demographic characteristics are controlled. On the other hand, a group of studies 
found a significant positive or negative relationship between expenditure and students’ 
achievement. For instance, Payne and Biddle (1999) found positive relationships between 
educational achievement and instructional expenditures with data from Ohio and 
Missouri. Specifically, the results indicated that high-spending districts had higher 
student achievement because they were able to hire more experienced teachers. Similarly, 
Wenglinsky (1997a) examined the effects of district expenditures, including general 
administration, capital outlay, and instruction on students’ achievement scores. The 
results suggested that all three types of expenditures are associated with 8th grade 





reducing class size. However, previous studies by Wallberg and Fowler (1987) found a 
negative relationship between reading achievement test performance and school total 
expenditure. Also, a recent study found negative effects of general administration 
expenditure and school administration expenditure on district effectiveness with data 
from Ohio and Texas (Bowers et al., 2018). Actually, Greenwald, Hedges, and Laine 
(1996) examined 60 primary studies on the relationship between expenditures and student 
achievements, and the results indicated that 44% of studies found a significant positive 
relationship, while 3% of studies found a significant negative relationship and 53% found 
a non-significant relationship. 
2.4 Framework of the Study 
Therefore, there is a need to bring together the different issues mentioned above 
within the DER literature to explore the existence of subgroup populations of district 
effectiveness growth patterns and examine multiple school district demographic variables 
identified in the previous literature as significantly associated with different subgroups of 
school district growth patterns using large policy-relevant data sets. Indeed, no studies to 
date have combined these issues across previous literature and examined the existence of 
heterogeneous district growth trajectories over a longitudinal dataset for all the public 
school districts in the United States. To this end, the current study addressed the 
following specific research questions: 
1. To what extent are there different school district effectiveness trajectories 
across Grades 3-8 for reading and math test scores (for 2009-2015 data) in all 






2. To what extent are school district demographic variables and different types of 
financial expenditures associated with different school district effectiveness 
growth trajectories? 
3. How do school district demographic characteristics and financial expenditures 













The present study is a secondary analysis and relied on three publicly released 
national datasets. The first dataset is from the Stanford Education Data Archive (SEDA), 
which included the estimated average test scores in mathematics and reading from Grades 
3 to 8 for all public school districts (n = 11,513) in the United States from 2009-2010 
through 2015-2016. The SEDA dataset is an equated dataset in which researchers 
(Reardon, Shear, Castellano, & Ho, 2017) linked each state’s standardized test scores 
with the National Assessment of Educational Progress (NAEP) scores so that scores from 
different tests are placed on a common scale. To be more specific, the procedure included 
the following two major steps.  
First, the researchers applied a heteroscedastic ordered probit model (HETOP) to 
estimate the means and standard deviations of multiple groups’ test-score distributions 
using school district proficiency counts (e.g., the percentage of students achieving 
proficient levels; percentage of students achieving advanced levels). The researchers 
assumed that “each student’s ordered proficiency category (e.g. proficient levels; 
advanced levels) is the result of a draw from an underlying continuous normal 





Reardon, 2017, p. 1). According to the authors, the HETOP model is an extension of the 
homoscedastic ordered probit model that allows for heteroscedasticity in the variances of 
the underlying continuous variable across groups. The HETOP model was used by Ho 
and Reardon (2017) to recover means and standard deviations from the “coarsened” form 
in which students are classified into one or more ordered proficiency categories (e.g., 
“Basic,” “Proficient,” “Advanced”) for multiple groups such as districts, grades, and race. 
After obtaining the means and standard deviations for each group, the researchers applied 
a linear transformation to link each state’s standardized test scale to a NAEP scale. Thus, 
it was meaningful to compare school district effectiveness across different states based on 
the equated estimated scores. In this dataset, each of 11,513 public school districts had an 
estimated score for each subject (reading and mathematics) for each grade (Grade 3-8) 
and for each year (2009 to 2015).  
The second dataset came from the Local Education Agency Survey data from the 
National Center for Education Statistics (NCES) common core dataset (CCD) for the year 
2009, including district demographic variables such as a percentage of free lunch students 
and attendance rate according to previous literature. The CCD is the Department of 
Education’s primary database on public elementary and secondary education in the 
United States providing information related to demographic characteristics for every 
school and school district. 
The third dataset was from the National Public Education Financial Survey 
(NPEFS) of the year 2009 to incorporate different types of financial expenditures into 





NPEFS provides different types of revenue and expenditure data for all school districts in 
the United States. 
3.2 Variables 
The indicators of school district effectiveness in the model are composite scores 
calculated by averaging scores across mathematics and reading tests from Grade 3 to 
Grade 8 for each year, resulting in each school district having one composite score for 
every single year. The reasons that the district composite score was calculated by 
averaging across grades and subjects are as follows. First, according to a recent review 
summarizing performance index metrics by evaluating school or school district 
performance in each state in the United States (Ni, Bowers, & Esswein, 2016), 42 out of 
48 performance index score metrics applied equal weight on different subjects and 
different grades. Second, previous critiques on DER measurement have focused on 
relying on a single subject, or single grade test scores, which limits the definition of 
school district effectiveness and hampers the generalizability of study results. A 
composite score including more information is needed in both research and practice. 
Finally, answering the call from the recently reauthorized ESSA (2016), a composite 
indicator that reflects the school district’s overall performance for different subjects and 
grades is recommended. 
The predictors in the model include school district demographic variables and five 
types of specific expenditure per pupil, which are Percentage of Special Education 
Students, Percentage of Asian Students, Percentage of African American Students, 
Percentage of Hispanic Students, Percentage of Native American Students, Percentage of 





Teacher Ratio (Condron & Roscigno, 2003; Ferguson, 1991; Finn, Gerber, & Boyd-
Zaharias, 2005; Hallinger & Murphy, 1985; Rumberger & Palardy, 2005; Skrla, 
McKenzie, Scheurich, & Dickerson, 2011; Verstegen & King, 1998). Also, the present 
study included two sets of dichotomous variables. First, three dichotomous variables 
were created to indicate district locality (i.e., Urban, Small Town, and Rural, with 
Suburban as the reference group), according to the local code variable listed by NCES 
CCD for each district (NCES, 2006). In addition, categories for enrollment of Small  
(1-1,299), Large (2,400-9,999), and Extra Large (10,000 students and up) were created, 
with medium enrollment as the reference group (1,300-2,399), aggregated by previous 
literature on categorizing district enrollment (Bowers, 2010, 2015; Urick & Bowers, 
2011). 
As mentioned before, the study included five financial variables from the National 
Public Education Financial Survey (NCES, 2009), which are defined as follows: 
Instruction expenditure: expenditures for activities related to the interaction 
between teachers and students. Current instruction expenditures include expenditures for 
activities related to the interaction between teachers and students, including salaries and 
benefits for teachers and teacher aides, textbooks, supplies, and purchased services.  
General Administration expenditure: expenditures for the board of education and 
superintendent’s office for the administration of LEAs, including salaries and benefits for 
the superintendent, the school board, and their staff. 
School Administration expenditure: expenditures for the office of the principal, 





Instructional Staff Support Service expenditure: activities that include 
instructional staff training, educational media (library and audiovisual), and other 
instructional staff support services. 
Capital Outlay expenditure: direct expenditures for construction of buildings, 
roads, and other improvements, and for purchases of equipment, land, and existing 
structures.  
In the analysis, the above five expenditures were divided by the number of 
enrollment in the year 2009 to obtain the five financial expenditure variables analyzed in 
the study: Instruction expenditure per pupil, General Administration expenditure per 
pupil, School Administration expenditure per pupil, Instructional Staff Support Service 
expenditure per pupil, and Capital Outlay expenditure per pupil (Card & Payne, 2002; 
Hanushek, 1989; Okpala et al., 2001; Payne & Biddle, 1999; Verstegen & King, 1998). 
3.3 Analysis 
In the analysis, a growth mixture model (GMM) was used to detect latent classes 
of school district effectiveness growth trajectories. The conceptual model for the analysis 
is presented in Figure 1. Following previous literature (Bowers & Sprott, 2012; Jung & 
Wickrama, 2008; Muthén, 2004, I used a single nested model to identify different 
unobserved subgroup growth trajectories (Latent Class C) analyzed through the observed 
mean scores of reading and mathematical tests on a school district level measured 
through academic years of 2009-2010 to 2015-2016 (Score_2009 to Score_2015). School 
districts classified into the different latent class groups have distinct intercepts and slopes 
across districts and latent classes. Also, the method assessed the extent to which 





effectiveness trajectories, as well as intercepts and slopes within each distinct latent 
trajectory class.  
The study then examined four models which /were one latent growth curve model 
and three growth mixture models with one unconditional model without covariates and 
two conditional models with all school district demographic variables and financial 
expenditures (Urban, Small Town, Rural, Small enrollment, Large enrollment, Extra 
Large enrollment, Student-Teacher ratio, Percentage of English Language Learners, 
Percentage of Free Lunch Students, Percentage of Special Education students, Percentage 
of Native American students, Percentage of Asian students, Percentage of Hispanic 
students, Percentage of African American students, Percentage of Instruction Expenditure 
per pupil, Staff Support Service per pupil, General Administration expenditure per pupil, 
School Administration expenditure per pupil, Capital Outlay-Construction Expenditure 
per pupil). In particular, the first conditional model examined how covariates affected 
classifications of groups for school district effectiveness trajectories, and the second 
conditional model examined the effects of covariates on growth factors (intercepts and 
slopes) within each different class. 
Following previous recommendations (Wickrama, Lee, O’Neal, & Lorenz, 2016), 
a latent growth curve model (LGCM) was first fit to all school districts with a random 
intercept and a random slope to examine variances for growth factors and model fit 
indices. According to Wickrama et al. (2016), a LGCM assumes the same growth factors 
for all individuals—that is, all individuals sharing a common slope and an intercept. 
Although variations are allowed among individuals, the variations are considered to be 





𝑦𝑡𝑖  = 𝛼𝑖 + 𝜆𝑡𝛽𝑖 + 𝑒𝑡𝑖 
𝛼𝑖  = 𝜇𝛼 + 𝜀𝛼𝑖 






i= 1,2, … N, N is the total number of cases; 
t=1,2,…T, where T is the total number of time points 
𝑦𝑡𝑖   = independent variable for individual i time t 
𝛼𝑖  =  slope for case 𝑖 
𝛽𝑖  =  slope for case 𝑖 
𝜆𝑖 = value of trend variable time time 𝑡 
𝑒𝑡𝑖  = error term case i in time 𝑡 
𝜇𝛼 = mean of intercepts across cases 
𝑢𝛽 = mean of slopes across cases 
𝜀𝛼𝑖  = errors from 𝜇𝛼 𝑓𝑜𝑟 𝑐𝑎𝑠𝑒 𝑖 
𝜀𝛽𝑖  = errors from 𝜇𝛽 𝑓𝑜𝑟 𝑐𝑎𝑠𝑒 𝑖 
𝜑 = covariance matrix for intercepts and slopes 





𝜓𝛽𝛽  = VAR (𝜀𝛽𝑖) = variance for slopes 
𝜓𝛼𝛽  = COV (𝜀𝛼𝑖 , 𝜀𝛽𝑖) = covariance of intercepts and slopes 
The LGCM assumes that all deviations in the above formulas have a mean of 0 
and are not correlated with each other and deviations among different time periods are 
not correlated, which can be defined as follows: first, 𝑒𝑡𝑖, 𝜀𝛼𝑖, 𝜀𝛽𝑖 are not mutually 
correlated; second, 𝑒𝑡𝑖 are uncorrelated over time.  
LGCM can be considered as a special case of GMM, whereby there is only one 
class identified with an equal intercept and slope across all cases. Fitting an LGCM prior 
to GMM can not only serve as a starting point for conducting GMM, but also provides 
insights into potential distinct classes. A model that has poor fit statistics and significant 
variances suggests the existence of heterogeneous groups of district effectiveness 
trajectories.  
Next, an unconditional GMM was fit to determine the optimal number of classes, 
K. The latent class extension of the above model is: 
𝑦𝑡𝑖𝑘  = 𝛼𝑖𝑘 + 𝜆𝑡𝛽𝑖𝑘 + 𝜀𝑡𝑖𝑘 
𝛼𝑖𝑘  = 𝜇𝛼𝑘 + 𝜉𝛼𝑖𝑘 





where K is the latent class indicator, K=1…,K. Note that the subscript K now means that 





There is now a categorized latent variable C with K classes and individuals in 
different classes having distinct growth factors (intercept and slopes). As can be seen 
from the formula, a GMM extends an LGCM by including an unobserved latent variable 
C “to represent a mixture of classes of sub-populations” (Li, Duncan, Duncan, & Acock, 
2001, p. 494).The assignment of individuals to distinct classes are based on individuals’ 





where y represents the growth pattern and c represents a latent class variable with K 
classes (K=1, 2, 3, … K). P(c=K |Y=y) on the left of the equation is the posterior 
probability that an individual with a growth pattern of y belongs to k, and individuals will 
be assigned to the class with the highest posterior probabilities. When k is equal to 1, then 
the model reduces to a traditional LGCM. Individuals in the same class share common 
growth factors (intercepts and slopes) but have different growth factors in different 
classes. Therefore, a GMM can not only capture within class variations as a traditional 
LGCM, but also takes between-class variations or heterogeneity into account (Bauer & 
Curran, 2003; Feldman et al., 2009).  
The present study started with a two-class unconditional GMM and continued by 
fitting models with a larger number of classes until model fit indices did not indicate 
improvement. Following previous literature, multiple statistical indexes were used for 
selecting the best model, such as (a) information criteria (IC) statistics, including Akaike 
information criterion (AIC), Bayesian information criterion (BIC), and sample sized 
adjusted Bayesian information criterion (SSABIC); (b) Entropy values, which are model-





(c) Likelihood ratio tests (LRT) including Lo-Mendell-Rubin likelihood ratio test (LMR-
LRT) and the bootstrapped LRT (BLRT) (Jung & Wickrama, 2008; Nylund, Asparouhov, 
& Muthén, 2007; Tein, Coxe, & Cham, 2013). 
Although there is no single accepted rule for the number of classes (Nylund et al., 
2007), a generally accepted approach is to choose the model with the lowest Bayesian 
information criterion (BIC) value, a statistically significant Bootstrapped Likelihood 
Ratio Test, and Lo-Mendell-Rubin and an entropy value higher than 0.6 (Asparouhov & 
Muthén, 2014; Jung & Wickrama, 2008; Muthén & Muthén, 2000; Muthén & Shedden, 
1999; Nylund et al., 2007). Additionally, previous theories and practical issues such as 
model convergence problems were also taken into consideration to help decide the best 
model. 
After selecting a model with a specific number of classes based on the above 
criteria, two conditional GMMs were fit with all the demographic variables and financial 
expenditures, to examine how covariates affect classification for different groups and 
how the covariates predict growth factors (intercepts and slopes) within each class. 
Currently, there are two approaches to examine the effects of covariates on a 
latent variable, which include a 1-step approach and a 3-step approach. A 1-step 
approach combines the latent class model and the latent class regression model into a 
joint model and obtains estimates of the latent class model and covariates simultaneously 
(Asparouhov & Muthén, 2014). In other words, it examines the association of the 
predictors to the latent class variable by simultaneously incorporating the predictors into 
the GMM (e.g., Muthén & Shedden, 1999). Although a 1-step approach is known to 





2004), it has been criticized by allowing the latent class model to be affected by the latent 
class regression model. Thus, the class meaning identified by the indicators for the latent 
class variable might be changed. According to Vermunt (2010), the 1-step approach has 
certain disadvantages which can be summarized as follows. The first disadvantage is that 
a 1-step approach might not be practical, especially when there is a large number of 
covariates, considering the model convergence problems and computational speed of 
computers. Second, from an exploratory perspective, each time a covariate is added to or 
removed from a model, it not only affects the latent class regression model but also 
affects the latent class model. In other words, the latent class model will be re-estimated 
each time the set of covariates is changed. Different sets of covariates may lead to 
different latent class models, which is not expected. A third disadvantage is that the 
researcher needs to decide on the number of latent classes for models with or without 
covariates.   
To avoid such disadvantages, researchers have developed a 3-step approach. The 
3-step approach can separately evaluate the relationship between the latent class variable 
and covariates, after the latent class measurement model is identified (Clark & Muthén, 
2009; Vermunt, 2010; Wang, Brown, & Bandeen-Roche, 2005). The 3-step approach 
includes the following procedure: first, an unconditional latent class model is estimated. 
Second, the most likely class variable is created by using the latent class posterior 
distribution from the first step. Third, all covariates are regressed on the most likely class 
variable by manually fixing the misclassification rates obtained in the second step. 
Therefore, the 3-step approach can preserve the class classification membership from the 





not be influenced by the incorporation of covariates. Given the above advantages and the 
purpose of the study, I used a 3-step approach to examine associations between school 












In this chapter, the study results are discussed in the following order. First, 
Section 4.1 shows the procedure for finalizing the analytical sample and the descriptive 
statistics for the final sample. Second, Section 4.2 presents a panel plot to visualize 
potential trends given school districts’ seven-year actual gains. Third, Section 4.3 
presents summarized results for a latent growth curve model (LGCM) and briefly 
discusses evidence from LGCM results, which supports further GMM analysis. Next, 
Section 4.4 presents the results from two to five class unconditional GMMs and discusses 
how the number of classes was finalized using different information criteria, including 
AIC, BIC, SSABIC, entropy, LMR-LRT, and BLRT tests. Also, two sets of plots are 
presented to visualize the school district effectiveness trajectories for each class and class 
sizes for each state. Last, Section 4.5 discusses results for conditional models, including 
how covariates affect the classification of different school district effectiveness groups 
and how covariates affect growth factors (intercepts and slopes) within each class. All the 
analyses were conducted using R and Mplus (Version 7.3) (Muthén & Muthén, 2009).  
4.1 Descriptive Statistics for the Analyzed Data 
As described above, the study relied on three publicly released national datasets, 





(ELA) and mathematics assessment from Grade 3 to Grade 8 from the Stanford 
Education Data Archive (SEDA) (from year 2009-2010 to 2015-2016); the National 
Science Financial Survey (year 2009-2010); and the National Council for Education 
Statistics (NCES) Common Core Data (CCD) (year 2009-2010). The SEDA dataset 
includes a total of 11,513 public school districts’ performance on ELA and mathematics 
performance from Grade 3 to Grade 8 across the United States from the academic year 
2009-2010 to 2015-2016. After averaging across grades and subjects, the indicators for 
the model for each district were calculated as Score 2009 to Score 2015. Thus, each 
school district has seven indicators with one score per year.  
GMM estimation allows for missing values on indicators or y variables 
(Score_2009 to Score_2015 in the current study) and the model is estimated by using the 
full-information maximum-likelihood (FIML) method with the assumption that the data 
on indicators are missing at random (MAR) (Little & Rubin, 1987). Also, according to 
Mo Wang and Bodner (2007), the more covariates included in the model, the more likely 
indicators are missing at random, which further improves FIML estimation since the 
increase in covariates accounts for more variance in indicators. Thus, only when all 
school districts within the same state had missingness for a single year or consecutive 
years were the cases deleted; otherwise, they were included. However, school districts 
with missing values on covariates were deleted from the analysis, since previous 
literature has shown that estimators are biased when covariates are highly related to 
indicators (Muthén, 2004). 
First checked was whether there were obvious missing patterns by states, and it 





(Score2009 to Score2011). Additionally, 36 school districts had missing values on all the 
seven indicators. Thus, these 173 school districts with missing values on indicators were 
excluded from the analysis. A descriptive statistical analysis was conducted for the rest of 
the 11,340 school districts and the results are summarized in Table 1 (all table and figures 
are located at the end of the document). There are 7,516 school districts that did not have 
missingness in all 7 years, while 3,860 school districts had missingness on indicators.  
Next, the 19 covariates from the NCES CCD 2009 dataset and the National 
Financial Survey 2009 were incorporated, namely: urban, small town, and rural (with 
suburban as the reference group), small enrollment, large enrollment, and extra Large 
(with medium enrollment as the reference group), student-teacher ratio, percentage of 
special education students, percentage of students receiving free lunch, percentage of 
English Language Learners, percentage of Native American students, percentage of 
Asian students, percentage of African American students, percentage of Hispanic 
students, instruction expenditure per pupil, instructional staff support service expenditure 
per pupil, general administration expenditure per pupil, school Administration per pupil, 
and capital outlay expenditure per pupil.  
A total of 155 school districts had missing values on 19 covariates and were 
excluded from the analysis. Thus, a total of 328 school districts with missingness on 
either covariates or all seven indicators were excluded from the analysis. The overall 
missing rate was 2.84%. Although there are no established cutoff values from the 
literature for an acceptable percentage of missing rates, Schafer (1999) asserted that a 
missing rate less than 5% is inconsequential and does not bias the results. Therefore, the 





States. Table 2 and Table 3 summarize the descriptive statistics for indicators and 
covariates included in the analyses. 
4.2 Visualization of School District Effectiveness Trajectories 
Before conducting the formal analysis, a variable (actual gain) was created by 
using the seventh year score (Score 2015) and subtracting the first year score (Score 
2009) to visualize the potential trends for school district effectiveness. The mean of the 
actual gain was 0.25 (SD = 8.50), with a maximum value of 69.19 indicating positive 
growth and a minimum value of -59.15 indicating a negative change. Then, 1,000 school 
districts with highest actual gains, 1,000 school districts with lowest gains, and 1,000 
random school districts were selected to plot their 7-year growth trajectories, as displayed 
in Figure 2. Figure 2.1 plots the 7-year longitudinal trajectories for 1,000 school districts 
with highest gains as each line represents one district. Figure 2.2 plots the 7-year 
trajectories for 1,000 school districts with the lowest gains and Figure 2.3 plots the 7-year 
trajectories for 1,000 randomly selected school districts. The range of school districts’ 
performance score for 1,000 school districts with highest gains was from 69.10 to 8.90, 
while for 1,000 school districts with lowest gains was from -59.15 to -8.77. Overall, this 
descriptive panel plot shows that the growth patterns for the three set of school district 
effectiveness are slightly different, with a slight increase pattern for 1,000 school districts 
with highest gains, a slight decrease for 1,000 school districts with lowest gains, and 
almost consistent patterns for 1,000 randomly selected school districts. The positive 
variances of intercepts and slopes are evident. Thus, there might exist distinct different 





4.3 Results for Latent Growth Curve Analysis 
As mentioned in Chapter 3, following previous suggestions (Wickrama et al., 
2016), I first fit a latent growth curve model (LGCM) to all school districts with a 
random intercept and slope to determine whether the uniform growth function was valid 
for the data. The Mplus syntax for a latent growth curve model is listed in Appendix. The 
model results and fit indices suggested that the LGCM fit the data poorly (see Table 5), 
with χ2 (df) = 4702,841 (23), p < 0.001; RMSEA (90%) = 0.135 (0,132, .138); CFI/TLI = 
0.960/0.964; SRMR = 0.163). Although the CFI/TLI indices were higher than 0.95, the 
RMSEA and SRMR were both larger than 0.05, which indicated poor fit. Additionally, 
the variances for intercept and slope were statistically significant, with the value of 
160.901 (p < 0.001) and 1.809 (p < 0.001) for the intercept and slope, respectively. Thus, 
the variations of growth factors among school districts were significant, which provided 
evidence for the existence of distinct classes in school district effectiveness trajectories. 
According to the results of LGCM summarized in Table 5, there was a slight 
increase for school district effectiveness from the academic year 2009-2010 to 2015-2016 
with an estimated positive slope of 0.12 (p < 0.0001). Also, the estimated intercept was 
245.12 (p < 0.0001), indicating the estimated average school district effectiveness for the 
academic year 2009-2010 across all school districts in the United States was around 
245.12, which was higher than the mean of school district effectiveness distribution in the 





4.4 Results for Unconditional Growth Mixture Models 
Regarding the results of the LGCM, unconditional GMMs from two to five 
classes were fitted. According to the Mplus user’s guide, the default of Mplus constrains 
the variance and covariance for all growth factors (intercept, linear slope, etc.) to be equal 
across different classes. However, such constraints could result in over-extraction of the 
number of latent classes and biased parameter estimates, which have been shown in 
simulation studies conducted by other researchers (Bauer & Curran, 2004; Enders & 
Tofighi, 2008). Thus, the study utilized the function of “Model Test” in Mplus, which 
uses Wald chi-square tests to determine whether to free the variances and covariances 
between classes. In the syntax, a series of parameter constraints were examined (see 
Appendix). It turned out that the variances and covariance between classes were all 
significantly different. Therefore, the study did not constrain variances and covariance for 
intercepts and slopes to be equal across classes. The model fit indices and growth 
parameter equality tests from two- to five-class GMM are summarized in Table 6. 
Table 6 provides model fit indices for two to five class GMMs. As shown in 
Table 6, BIC stopped to improve after the four-class model, and the Lo-Mendell-Rubin 
likelihood ratio test was not significant for the five-class model (34.23, p = 0.14), 
indicating that the fit of the five-class model was not statistically different from the four-
class model. Also, the BIC statistics were the smallest for the four-class model. It seemed 
that the four-class model was optimal, given the BIC statistics and the LMR-LRT test 
results. However, convergence problems happened for both four- and five-class models. 
Specifically, the variance of slope in Class 3 was negative (-0.048) for the four-class 





model was 1.65%, which is much lower than 5% and might not be useful in practice, 
according to previous literature (Wickrama et al., 2016). According to suggestions by 
Muthén (2003) that fewer classes with larger membership models are preferred, together 
with the fit statistics and estimation issues, I concluded that the three-class GMM model 
is preferred over the four-class GMM model. However, the entropy value for the three-
class model was 0.40, which is considered as low (Clark & Muthén 2009). The entropy 
measures the ability of a mixture model to provide well-separated clusters (Celeux & 
Soromenho, 1996), which range from 0 to 1, while higher values indicate better 
classification. Compared to the two-class model, the entropy for the three-class model 
was much lower, with 0.40 versus 0.76. But all the other information indices consistently 
supported the three-class model over the two-class model with a lower BIC (467349.0 vs. 
4467695.48) and SSBIC (467272.77 vs. 467638.27) values and statistically significant  
p-values for the LMR-LRT (395.29, p < 0.05) and BLRT (402.36, p < 0.001) tests. Also, 
according to Muthén (2004), the BIC is preferable when within-class variability in 
growth factors are permitted, which is the case for the current study. Thus, after 
considering all of the above aspects, the three-class model was selected as the optimal 
model.  
Table 7 summarizes the growth parameter results for the three-class GMM model. 
The slopes for the three-class model were estimated as not significantly different from 0 
(0.38, p = 0.153), significantly negative (-0.15, p = 0.022), and significantly positive 
(0.38, p < 0.001) for Class 1 to Class 3, respectively. Also, the Wald-test of equality of 
intercepts indicated that the intercepts were significantly different among the three 





district effectiveness trajectories: a constant school district effectiveness (constant SDE), 
a decreasing school district effectiveness (decreasing SDE), and an increasing school 
district effectiveness (increasing SDE). Such findings are aligned with previous research 
findings (Bilir et al., 2008; Bowers, 2010, 2015). In particular, constant SDE was the 
smallest group, including 3.66% percentage of school districts. School districts in this 
group had relatively lower starting school district effectiveness (239.06 vs. 245.11 and 
245.89) in year 2009 and did not have a significant changing slope over the 7 years. The 
class size of the decreasing SDE group was much larger than the consistent group, which 
included 34.16% of school districts. This group of school districts had a significantly 
negative slope (-0.15, p = 0.022), indicating their school district effectiveness decreased 
over time. The third group was the increasing SDE, which was the largest group, 
including more than half of school districts in the United States (62.18%). School 
districts in this class shared a common significant positive slope, indicating increased 
school district effectiveness over time. Three hundred of school districts were randomly 
selected from each SDE group, and each district actual trajectory and its estimated group 
mean trajectory are displayed in Figure 3.  
Then, class sizes for three groups for each state were plotted in the analysis using 
a break histogram format, as shown in Figure 4. As Figure 4 indicates, most states had 
the largest class size for the increasing SDE group and the smallest class size for the 
constant SDE, while the class size for the decreasing SDE was in the middle, which is 
consistent with the class size patterns for the whole data. Among them, differences in 
group sizes between the decreasing and increasing SDE for Kansas and South Dakota 





decreasing and increasing SDE groups was 5.6% for Kansas and 0.8% for South Dakota, 
while the difference /was more than 10% for all the other states that followed the above 
pattern.  
Additionally, four states had larger decreasing SDE group size compared to the 
increasing SDE group size, including Maine (59.8% vs. 34.3%), Missouri (48.9% vs. 
45.4%), New York (71.5% vs. 25.6%), and Texas (65.4% vs.29.6%). Finally, only one 
school district in both Washington, D.C. and Hawaii in the dataset was classified into the 
increasing SDE group. Thus, the percentage for the increasing SDE group in D.C. and 
Hawaii was 100%. 
Table 8 summarizes the means and standard deviations of covariates for each of 
the SDE trajectory classes. According to Table 8, the results indicated that the means of 
five types of expenditures for school districts in the constant group were all higher than 
expenditures for school districts in the other two SDE groups. However, the amount of 
the five expenditures did not differ much between school districts in the decreasing SDE 
group and increasing SDE group. Also, the proportion of rural and small enrollment size 
school districts in the constant SDE group was larger, compared to the two other groups. 
Specifically, there are 84% school districts in rural areas compared to other locations in 
the constant SDE group, while this value was 59% and 45% for the decreasing SDE 
group and the increasing SDE group, respectively. Also, 90% of school districts had 
small enrollment size in the constant SDE group, compared to 56% and 39% in the 
decreasing and increasing SDE, respectively. In the next section, the study shows the 
results of effects of covariates on SDE group classifications and longitude effects of 





4.5 Results for Conditional Growth Mixture Models 
According to the results for the unconditional model, there were three different 
classes of school district effectiveness trajectories, named as constant SDE, decreasing 
SDE, and increasing SDE. In this section, the effects of the covariates on the latent 
variable classifications are examined. Then, the study further explores, within each 
subgroup that follows a specific growth trajectory, how the longitudinal effects of 
covariates affected school effectiveness growth. Following a three-step approach, the 
study tested whether the effects of the same variable were stronger for certain classes or 
whether some covariates had the different effects for different classes (e.g., positive for 
increasing SDE group while negative for constant SDE group). To answer the first 
question, the study fit a multinomial logistic regression on the latent variable following a 
three-step approach. The latent class estimated from the unconditional model was used as 
a categorical dependent variable and regressed on covariates by fixing misclassification 
rates. The results for the logistic regression are provided in Table 9, with the increasing 
SDE group as a reference group.  
The results for the multinomial logistic regression showed that the probability of 
being classified into the constant SDE group was significantly higher if the school district 
was in an urban or a rural area compared to suburban areas. Other factors affecting this 
were having a small enrollment size (compared with a medium enrollment size), a lower 
student-teacher ratio, a lower percentage of English Language Learners, a lower 
percentage of special education, a lower percentage of Asian students, a lower percentage 
of African American students, a higher percentage of free lunch, a higher percentage of 





pupil, compared with the probabilities of being classified into the increasing SDE group. 
Specifically, the log-odds of being in the constant SDE group in comparison to the log-
odds of being in the increasing SDE increased by 4.21 if the school district was in an 
urban area (vs. suburban area). Table 8 also provides odds value for significant 
predictors. As an example, school districts in rural areas (vs. suburban areas) were 3.91 
times more likely to be in the constant SDE group than the decreasing SDE group, which 
replicates previous research on the negative effects of rural areas on school district 
effectiveness (Orfield & Lee, 2005). As another example, for a one-unit increase in the 
percentage of Asian students, the odds of being a member of the constant SDE group was 
79% (100*(1-0.21)) lower than the odds of being in the increasing SDE group, which 
replicates previous studies (Kao, 1995; Reglin & Adams, 1990). 
Also, compared with the probability of being classified into the high-SDE group, 
the probability of being classified into the decreasing SDE was significantly higher if a 
school district was in an urban area (compared with suburban areas), in a small town 
(compared to suburban), in a rural area (compare with suburban areas); or if a school 
district has a smaller student-teacher ratio, a smaller percentage of English Language 
Learners, a smaller percentage of Asian students, a smaller percentage of African 
American students, a larger percentage of students in free lunch programs, a higher 
percentage of Hispanic students, a higher expenditure on general administration 
expenditure per pupil, and a higher instruction expenditure per pupil and a higher capital 
outlay expenditure per pupil. The results indicated that more expenditure spending for 
capital outlay, instruction expenditure, and general administration expenditure 





group compared to the increasing SDE group. As shown in the Table 9, the results 
indicated that compared to school districts in other locations, suburban school districts 
were more likely to be classified into the increasing SDE group, compared with both the 
constant and the decreasing SDE groups. Such positive effects of suburban local on 
district effectiveness /were consistent with previous findings in that students living in the 
suburbs outperformed their peers in urban and rural counterparts in standardized test 
performance (Graham & Provost, 2012; Sandy & Duncan, 2010).  
To answer the second question about how the longitudinal effects of covariates 
affected school effectiveness growth within each subgroup that followed a specific 
growth trajectory, the study looked at the longitudinal effects of covariates on the 
intercept and slope for each of three latent classes. The comparison of model fit statistics 
for the three-class unconditional model and results for the three-class conditional model 
with covariates on growth parameters (intercept and slope) are summarized in Table 10. 
After adding the covariates to growth parameters, the entropy value increased from 0.4 to 
0.6, which indicated that adding covariates to predict growth factors contributed to 
posterior classification rates. 
The estimated effects of covariates on growth parameters for each latent class are 
summarized in Table 11. For the effects of covariates on intercepts for the year 2009 
school district effectiveness, the results showed that the percentage of Native American 
students, percentage of Hispanic students, and percentage of African American students 
had significant negative effects, while the percentage of Asian students had a significant 





had significant negative effects for constant SDE and decreasing SDE, while urban areas 
had no significant effects for increasing SDE.  
Third, compared to small town (vs. suburban) and rural areas (vs. suburban), 
small enrollment (vs. medium enrollment), student-teacher ratio, a percentage of free 
lunch students had significant negative effects for school districts for the decreasing SDE 
and increasing SDE groups, whereas it had no significant effects for the constant SDE 
group. Also, the percentage of English Language Learners had a negative effect for 
students only in the consistent and increasing SDE groups, but no significant effects for 
the decreasing SDE group. 
Fourth, the percentage of special education students had a significant negative 
effect for the decreasing SDE group but not for the other two groups. Similarly, large 
enrollment (vs. medium enrollment) and instruction expenditure per pupil had a positive 
effect only for the increasing SDE group, but not for the other two groups. 
Finally, the study found that the instructional staff support expenditure per pupil 
had opposite effects among the three groups. Specifically, the staff support expenditure 
had a significant negative effect on the increasing and decreasing SDE groups, while it 
had a significantly positive effect on the increasing group. 
The largest standardized coefficient for both the decreasing and increasing SDE 
groups was the coefficient for the percentage of free lunch students, with a value of -0.50 
and -0.69, respectively. This indicated that a one standard deviation increase in 
percentage of free lunch students was associated with a 0.50 standard deviation decrease 
in the intercept for the decreasing SDE group, and a 0.69 standard deviation decrease in 





For the effects of covariates on slopes or growth for each latent class, the results 
first showed that no covariates in the study had significant effects on the slope of the 
constant SDE group, which was expected since the slope was not significantly different 
from 0. Second, percentage of Hispanic students and instruction expenditure per pupil 
had significant negative effects, whereas percentage of Asian students had significant 
positive effects on slopes for both decreasing and increasing SDE groups. Third, urban 
(vs. suburban), small town (vs. suburban), general administration expenditure per pupil, 
and capital outlay expenditure per pupil had significant negative effects only for the 
decreasing SDE group, but not for the increasing group. Similarly, student-teacher ratio, 
percentage of special education students, percentage of Native American students, and 
instructional staff support service expenditure per pupil had significant positive effects 
for the decreasing SDE group, but no significant effects on the increasing group. Fourth, 
rural (vs. suburban) and small enrollment (vs. medium) had significant positive effects 
only for the increasing SDE group but not for the decreasing SDE group.  
The largest standardized coefficient for the decreasing SDE group was the 
instruction expenditure per pupil, with a value of -0.29 indicating one standardized 
deviation increase in percentage of the instruction expenditure in the decreasing SDE 
group is associated with 0.29 standard deviation decrease in the slope for the decreasing 
SDE group. The largest coefficient for the increasing group was the coefficient of the 
Asian students, with a one standard deviation increase in percentage of Asian students in 
school districts in the increasing SDE group associated with a 0.64 standard deviation 





Finally, the findings indicated that a one-unit increase in student-teacher ratio, a 
percentage of special education students, and a percentage of Native American students 
increased effectiveness for school districts in the decreasing SDE group, which was not in 
consensus with previous research in that all the above variables negatively affected 
school district effectiveness. This was most likely due to a known “ceiling effect” (Ho, 
2008), which was discussed in previous district effectiveness studies. These variables 
presented a skewed distribution for all school districts in the decreasing SDE group and 
were strongly associated with the intercepts. Thus, the school districts with very high 
student-teacher ratios will have a much lower starting school district effectiveness, 
compared to other school districts in the decreasing SDE group, which permits them to 
have more room to grow through time. Such explanations also apply to the percentage of 









Chapter V  
DISCUSSION 
 
Quantitative research on school district effectiveness using traditional OLS or 
HLM analysis has considered school district effectiveness as changing in a single pattern, 
which further assumes that district demographic variables such as school district 
enrollment sizes and local codes affect all school districts in a common way. However, 
the more recent research in DER has suggested that school district effectiveness 
measured by student standardized test scores may change over time in distinctly different 
ways (Bowers, 2010; Chingos et al., 2015).  
The present study examined the existence of different SDE trajectories and how 
school district demographic variables and financial expenditures affected the 
classification of SDE groups using a GMM with a national longitudinal dataset 
containing 11,185 public school districts in the United States from 2009 to 2015. This 
chapter summarizes the major findings in Section 5.1, then discusses the implications and 
contributions to research, policy, and practice in Section 5.2. Last, section 5.3 discusses 






5.1 Summary of Results 
According to the results, the study identified three distinct growth patterns for 
school district effectiveness for 11,185 school districts in the United States. These 
districts were named as decreasing school district effectiveness (decreasing SDE), 
constant school district effectiveness (constant SDE), and increasing school district 
effectiveness (increasing SDE). The /three-class model was chosen because it appeared to 
best represent the heterogeneity of SDE trajectories among all models examined in the 
analysis. To briefly summarize, the three-class model had smaller values for BIC 
(467349.0 vs. 4467695.48) and SSBIC (467272.77 vs. 467638.27) compared to the two-
class model, and a meaningful class size for each class compared to the four-class model. 
As shown in Figure 3, school districts in the constant SDE group started with a relatively 
lower intercept for the first year SDE (2009-2010), compared to school districts in the 
decreasing and increasing SDE groups (239.06 vs. 245.11 and 245.89, respectively). 
School districts in the decreasing SDE group had a higher initial effectiveness and slight 
decline over time, while school district effectiveness in the increasing SDE group 
increased slightly along time. Further Wald tests for equity of growth indicated that both 
the estimated intercepts the first year SDE among three groups and slopes differed from 
each other (χ2 = 34.84, df = 2, p < 0.001 for intercept and χ2 = 46.26, df = 2, p < 0.001 for 
slope). 
Another important research question in the present study was to examine the 
effects of school district demographic variables and financial expenditures on 
classification probabilities for different SDE groups. In comparing the probability of 





decreasing and constant SDE group was significantly higher if a school district was in 
urban areas and rural areas (compared with suburban areas), had a higher percentage of 
students in free lunch programs, a higher percentage of Hispanic students, and a higher 
expenditure on general administration, compared to a lower percentage of Asian students, 
a lower percentage of African American students, a lower student-teacher ratio, and a 
lower percentage of English language learners. In addition, compared with the increasing 
SDE group, small enrollment size (vs. medium enrollment) had a significant positive 
effect, whereas percentage of special education students had a negative effect on the 
probabilities of classifying a school district into the constant SDE group and no 
significant effects on the decreasing SDE group. Similarly, a small-town area (vs. 
suburban), instruction expenditure per pupil, and capital outlay expenditure per pupil had 
significant positive effects on the probability of classifying a school district into the 
decreasing SDE group, but no significant effects on the constant SDE group, compared 
with the increasing SDE group.  
Although no previous studies have directly examined the relationship between 
school district demographic characteristics and classification probabilities of school 
district effectiveness growth patterns, the current study findings agreed to some extent 
with previous research identifying trajectories of students’ achievement test scores (Bilir 
et al., 2008; Bond & Fox, 2015; Chen, Hughes, & Kwok, 2014; Hong & You, 2012). 
Studies detecting latent classes using achievement scores found there are different 
subgroups of students with distinct growth factors, categorized as decreasing and 





trajectories were identified into three different classes, which replicated previous findings 
to some extent.  
Also, most predictors identified by the model agreed with previous findings in 
district effectiveness research. In particular, the present findings suggested that rural 
areas (compared to suburban areas), percentage of students in free lunch programs, 
percentage of Hispanic students, and percentage of general administration significantly 
increased the probability of being in the constant or decreasing class, compared to the 
increasing class, which confirmed and replicated previous findings in that the above-
mentioned variables had negative effects on school district effectiveness (Finn, Gerber, & 
Boyd-Zaharias, 2005; Rumberger & Palardy, 2005). 
Additionally, the study found that three types of financial expenditures included in 
the analysis increased the probability of the decreasing class compared to the increasing 
class, in that increasing instruction expenditure per pupil, general administration 
expenditure per pupil, and capital outlay expenditure per pupil increased the probability 
of being in the decreasing class, compared to the increasing class after controlling all 
other variables in the analysis. Previous research that has explored the relationship 
between financial expenditures and district effectiveness has shown similar results in that 
general administration expenditure per pupil and average teachers’ salaries were 
negatively associated with school district effectiveness growth in Texas school districts 
(Bowers et al., 2018; Hanushek, 1989). In other words, the findings of the current study 
suggested that after controlling for school district demographic characteristics, spending 





the probability of a school district being classified into an increasing SDE group, 
compared to the decreasing SDE group.  
Finally, the study tested the effects of covariates on growth factors, including 
intercepts and slopes within each class. The essential goal for this part was to explore, 
within each class or within school districts that shared a common SDE trajectory, how the 
school district demographic variables were associated with growth factors within each 
class and how such effects /were similar and dissimilar across classes. The results 
summarized in Table 10 supported the assumption of the study that school district 
demographic characteristics within different class membership affected school district 
effectiveness growth in different ways, as further discussed as follows.  
First, in addition to the ethnic variables (a percentage of Native American 
students, a percentage of Asian students, a percentage of Hispanic students, and a 
percentage of African American students) that have significant effects on all three 
classes, the other variables affected the intercepts for three classes in different ways. For 
example, the percentage of special education students negatively affected the intercepts 
for the decreasing class, whereas they had no significant effects on the other two classes. 
Additionally, the effect sizes of different covariates on the intercepts for three classes 
were also different. For instance, the percentage of free lunch students had the largest size 
for the decreasing and increasing groups, with -0.50 and -0.67, respectively. But it did not 
significantly impact the intercept for the constant class. Instead, the percentage of Native 
American students had the largest effect size (-0.25) for the constant group.  
Second, the study found the opposite direction of significant effects for the same 





different classes. In particular, instructional staff support service expenditure per pupil 
positively affected the intercept for the increasing class and negatively affected the 
intercept for the constant and decreasing class. Such findings suggested that, after 
controlling for all other variables, the more expenditure spend on staff support service for 
the increasing class, the higher the intercept for the increasing SDE group, and the lower 
intercept for the constant and decreasing groups. Such results agreed with the previous 
inconsistent findings on the effects of the staff support service expenditure on school 
district effectiveness in previous studies. For example, Wellingsky (1997b) found that 
staff support had a positive effect on district achievement test scores by improving the 
social environment and reducing student-teacher ratios. However, Bowers et al. (2018) 
found that staff support service had a significant negative effect on school district 
effectiveness for Ohio State.   
Third, similar to the intercepts, covariates also impacted slopes for three classes in 
different ways. For example, student-teacher ratio and capital outlay expenditure per 
pupil only had significant effects on the slope for the decreasing class, but not for the 
increasing class. Similarly, small enrollment size only positively impacted slope for the 
increasing class but not for the other two groups. Also, no significant effects of covariates 
were found in the constant class, whereas the largest standardized coefficient for the 
decreasing class was the instruction expenditure per pupil (-0.29) and the percentage of 
Asian students (0.64) for the increasing class. Therefore, the findings for this part 
indicated that the same covariates were inconsistently associated with intercepts and 
slopes within different latent trajectories. Fitting a traditional regression which assumes 





the policy decision-making process might be obstacles, as further discussed in Section 
5.2. 
5.2 Contribution of the Present Study 
As one of the first to examine statistically unobserved different growth 
trajectories in school district effectiveness using a large school district dataset (n = 
11,185) in the United States, the study provided evidence in support of the existence of 
multiple trajectories of school effectiveness growth that contributes to both theories and 
practice in the following aspects. 
5.2.1 From “One Fits All” to “Customized” Practices and Policies in DER 
The majority of studies in DER have looked into generalizing effective practices 
that apply to all school districts by assuming all school districts change in a common 
pattern. However, the findings for the present study suggested that, instead of a common 
changing pattern, three different types of SDE growth trajectories exist, including the 
constant, the decreasing, and the increasing SDE groups. Thus, the results addressed 
previous critics in DER that “findings from the research were based on effective district 
practices not generalizable to all contexts. Indeed, one size is not likely to fit all” 
(Anderson &Young, 2018, p. 17). Actually, the results indicated school districts with 
various contextual characteristics are struggling with different types of problems. 
Therefore, “customized” leadership practices and policies are expected to enact to 
provide more effective support for promoting school district effectiveness for districts 
with specific growth trajectories. For example, the findings indicated that the school 





groups, in which urban areas, compared to suburban areas, had a lower intercept (or 
lower effectiveness in the year 2009) for school districts in the constant and decreasing 
SDE groups. Such findings agree with previous studies in that there are achievement gaps 
between suburban areas and urban areas, with suburban students outpacing their urban 
and rural peers in achieving higher test scores and higher graduation rates (Sandy & 
Duncan, 2010). However, such a gap between suburban and urban areas did not exist for 
school districts in the increasing SDE group. Instead, two other gaps existed—the gap 
between suburban areas and rural areas and the gap between suburban areas and small 
town areas in the increasing SDE group. Thus, school districts in different classes are 
actually struggling with distinct types of gaps. Generally, practices or policies for 
reducing gaps caused by school district locations may not work efficiently for all school 
districts. 
Therefore, central office staffs and leaders for school districts with different 
growth trajectories are encouraged to consider school district locations and school district 
effectiveness types together when making decisions or enacting new practices. Based on 
the study findings, I argue that future researchers and practitioners need to shift their 
focus to looking into successful leadership practice within each type of SDE growth 
groups from generalizing common effective practices. Thus, school districts within 
different SDE growth groups may benefit from “customized” policies or leadership 
practices. 
5.2.2 Implications for Current Education Accountability Systems 
The model analyzed school district effectiveness over a longitudinal time span 





perception of “success” in current education accountability and evaluation systems. In 
particular, the findings suggested that a single year’s success cannot provide a full picture 
or predict how well a district may be performing in the future and vice versa. For 
example, school districts in the decreasing SDE group may have started with a relatively 
high district effectiveness but longitudinally the school district effectiveness kept 
decreasing. Similarly, school districts in the increasing class may have started low but 
kept increasing over time. Given such circumstances, state-level leaders need to define 
“success” or “at-risk” districts by considering their long-term state accountability systems 
to honor growth and penalize decrease in current assessment metrics rather than to 
evaluate school districts based on single-year performance. 
5.2.3 Contributions to Literature 
First, previous quantitative studies have examined school district effectiveness 
using hierarchical linear models (Chingos et al., 2015) and hierarchical growth models 
(Bowers, 2010, 2015, 2018) with a longitudinal dataset—the inclusion of the mixture 
aspect of the present study—to examine different growth trajectories using a larger 
sample, including all school districts in the United States. This has provided important 
information to the literature. Rather than fitting all school districts into a single straight 
line, the study identified the existence of three subgroups of school district effectiveness 
trajectories and the effects of associated demographic district characteristics on its 
classification. This has provided evidence that supports the multiple school district 
effectiveness typology literature which has argued for a more comprehensive and 





Second, the present study conducted a large-scale longitudinal analysis using a 
national sample (n=11,185), including school districts of various enrollment sizes and 
different local codes (urban, suburban, small town, rural). This addressed critics of the 
DER (Anderson & Young, 2018) in that “most studies are conducted in urban school 
districts under reformations” and “twenty of fifty states were never included in any 
publications in DER” (p. 13). Therefore, given the vital roles that districts play in 
supporting individual schools and students, the study findings are informative in 
scaffolding research-based evidence for effective district practices of different types of 
school districts. 
Third, the present study examined how different types of financial expenditures 
are associated differently with classes of SDE growth trajectories, which inform the 
literature by examining the relationship between student achievement and spending. In 
one aspect, the findings of the present study tentatively explain why previous studies 
have shown inconsistent patterns of the effects of spending on achievement. The findings 
also suggested that instruction expenditure per pupil and capital outlay per pupil have 
significant effects on promoting growth changes for school districts only in the increasing 
class, with no significant effects for school districts in other groups. Thus, considering the 
variety of samples and analyzed designs in previous studies, the inconsistent patterns in 
the relationship between money and achievement were expected, further suggesting that 
identifying a generalized pattern between money and spending is not realistic. In order to 
allocate school district resources more efficiently in practice, it might be beneficial for 
researchers, practitioners, and policymakers to take types of SDE classes and school 





On the other hand, the findings are informative about the effects of different 
expenditures on school district longitudinal performance. Moreover, the results speak to 
previous questions posed by Wenglinsky (1997b) in how time lag affects the relationship 
between spending and achievement. For instance, the study found that staff support 
service expenditure negatively affected intercept but positively impacted slope for the 
decreasing SDE group. It also indicated that spending on instructional staff training 
negatively related to school district effectiveness in the year 2009 when the money was 
spent; rather, it promoted SDE growth as such expenditures spent over time for school 
districts in the decreasing class. 
5.2.4 Implications for Further Studies in DER 
Figure 4 presents class sizes for three groups for each state indicating three 
different class distribution patterns. This demonstrates possible next-step studies in DER 
to gather district and state-level leaders for further investigation with the following two 
approaches. 
One type of approach is to gather state-level leaders in states with different class-
size distributions of the SDE group, including states with a higher percentage of the 
decreasing class (e.g., Texas), states with a higher percentage of the increasing class (e.g., 
California), and states with almost equal percentages of two classes (e.g., South Dakota) 
to discuss and compare leadership practices and policies enacted during academic year 
2009 to 2015; this would attempt to identify potential approaches for further detailed 
qualitative studies. Such conversations can follow similar types of evidence-based 
protocols that help teachers develop improvement strategies, as in previous studies 





community-based accountability form known as the local control and accountability plan 
(LCAP) in 2013. LCAP describes school districts’ major goals for students along with 
funding the school districts will receive in fully or partially achieving these goals. LCAP 
is considered a functional and mandated planning tool for districts, and each school 
district is required to engage multiple stakeholders such as parents, educators, and 
communities to engage in enacting the plan (Fiscal & Administrative Services Division, 
California Department of Education, 2013; Menefee-Libey & Kerchner, 2015). Such 
bottom-up community-based accountability represents a new form of assessment, which 
is in contrast to the Texas-inspired top-town accountability approach (Vasquez Heilig, 
Ward, Weisman, & Cole, 2014). Therefore, in-depth and interactive dialogues are 
encouraged among leaders in Texas and California to identify additional reasons that lead 
to different class sizes in SDG growth patterns. Here, I do not argue that such differences 
in accountability systems cause differences in class size patterns among different states; 
instead, I encourage further investigation through an across-state summit to identify 
potential reasons.  
Another approach is to promote across-district collaborations within the same 
state. Districts within different SDE groups but similar populations are encouraged to pair 
up to discuss how their leadership practices and instructions may differ; in this way, they 
may figure out which practices promote school district effectiveness and what may not. 
School districts within different SDE groups are encouraged to collaborate and learn from 





5.3 Limitations and Future Research Direction 
While the present study results were expected to be robust, the findings and 
interpretations of the study were limited in certain aspects. First, the entropy value for the 
unconditional model (0.4) was considered low, given the criteria from previous literature 
(Muthén & Asparouhov, 2009). Entropy indicates the extent of classification uncertainty, 
which is calculated based on average posterior probabilities (Muthén, 2004). An entropy 
value of one suggests that for any individual, there is a perfect correct classification for 
membership in one class, while a zero correct classification is for other classes. Thus, a 
high entropy value indicates that the classes can be distinct or differentiated from each 
other. For the present study, an entropy value of 0.4 for the unconditional three-class 
model indicated that three classes identified by the model could not be very well 
differentiated from each other. Examining the average posterior probabilities matrix, the 
results indicated that the average posterior probability for the constant SDE group was 
0.84, suggesting that 84% of school districts in the constant SDE group were in the 
category, whereas the average posterior probabilities for the decreasing and increasing 
SDE groups were 0.67 and 0.65, respectively. The findings suggested that the average 
posterior probability for decreasing and increasing SDE groups was very low and the 
current indicators included in the model were not enough to separate these two classes 
very well. According to previous research (Fanti & Henrich, 2010), a low entropy value 
or low average posterior probabilities might be caused by inadequate indicators. Thus, 
better indicators that can both measure school district effectiveness and distinguish 





Second, the measurement and calculation metrics for SDE in the present study 
were limited in the following aspects. In the present study, SDE was calculated as a mean 
of ELA and mathematics across Grade 3 to Grade 8 from 2009 to 2016; this included 
multiple grades and multiple test performances to represent a broader view of school 
district effectiveness, compared to using single test score for a single grade. But such 
calculation metrics did not consider other important aspects for SDE. According to the 
literature on DER, studies have found 13 practices related to SDE, which are summarized 
as follows:  
     (1) building and maintaining good communications and relations, learning 
communities, and district culture; (2) facilitating infrastructure alignment;  
(3) fostering a district-wide sense of efficacy; (4) having a district-wide focus on 
student achievement; (5) investing in instructional leadership; (6) targeting and 
phasing in an orientation to school improvement beginning with interventions on 
low performing schools/students; (7) using evidence for planning, organizational 
learning, and accountability; and (8) using proven approaches to curriculum  
and instruction. (9) engaging strategically with the government's agenda; and  
(10) implementing district-wide, job-embedded professional development;  
(11) focusing on equity; (12) having an openness to change; and (13) placing 
importance on the individual. (Anderson & Young, 2018, p. 7) 
 
As can be seen from the above practices, the measurement of SDE in the present 
study only considered student achievement, not other aspects of SDE; in particular, 
practices that are outside classrooms, such as focusing on equity and promoting evidence-
based decision making, were not included in the measurement of SDE. On the other 
hand, the calculation metrics of SDE provided limited information on how districts 
influence students’ academic improvement. According to recent study results by Reardon 
(2018) using the same dataset as the present study, the researcher found that a metric of 
averaging achievement scores for Grade 3 students was not correlated with students’ 





averaging scores on single grade single subject cannot reflect school district effectiveness 
in improving students’ educational outcomes—which should be an important component 
of school effectiveness, given the previous DER literature (Elmore & Burney, 2002; 
Iatarolad & Fruchte, 2004; Leithwood, 2010; Togneri & Anderson, 2003). Although the 
present study used the average score across subjects and grades to expand the meaning of 
“effectiveness” compared to previous studies, such metrics of school district 
effectiveness still did not capture the “growth” aspect of school district effectiveness. 
Given the above two limitations, I encourage future researchers to explore more savvy 
and comprehensive metrics in evaluating school district effectiveness, which could 
consider incorporating both within-classroom practice such as students’ performance test 
scores and outside-classroom practices. Also, indicators such as school district 
effectiveness growth could be included in the measurement part of a GMM model to 
improve the entropy value and average posterior probability rates. 
The third limitation of other present study was related to the covariates included 
in the models. On one hand, the present study included non-time-varying covariates to 
examine how district demographic characteristics and different types of financial 
expenditures affected growth factors within each SDE group. However, district 
demographic characteristics such as percentage of disadvantaged students and percentage 
of English language learners continue to change over time. Such changes might further 
influence the impact of the growth factors for each SDE group. Without considering the 
changing effects of covariates on the growth factors for each SDE group, the 
generalizability of the results for the conditional GMM are limited. On the other hand, 





literature, other variables that have been demonstrated as having significant effects on 
school district effectiveness, such as average year of teachers’ experience, percentage of 
attendance, and school district metropolitan areas (e.g., Midwest, Northwest, etc.), were 
not included in the analysis. Future research should consider working to incorporate more 
covariates related to school district effectiveness to obtain a better understanding of how 
school district demographics are associated with SDE growth classifications. Also, a 
sensitivity analysis would be useful to determine how covariates will impact the model 
results, which could be considered for inclusion in future research. 
Finally, the application and generalization of the present study results were 
limited because of uncertainties about the “correct” model. For example, using a different 
model or different covariates can change the results. In addition, a composite score of 
ELA and math was used, but the results can be different if they are used alone. Although 
the findings were informative about decision-making processes, more research is needed 
before making any policy-related decisions. In-depth qualitative research and case studies 









Chapter VI  
CONCLUSIONS 
 
In conclusion, the present study is a valuable contribution to the district 
effectiveness research literature. Rather than considering a single category for school 
district effectiveness growth patterns, the study identified three distinct groups of school 
district effectiveness growth patterns—the constant SDE group (3.66%), the decreasing 
SDE group (34.16%), and the increasing SDE group (62.18%)—through a GMM analysis 
using a 7-year national dataset (n = 11,185). Also, school district demographic 
characteristics and financial expenditures were significantly associated with the 
probability of the different classes. Additionally, the study examined the longitudinal 
effects of school district demographic variables on growth factors within each class and 
found differential effects both in effect sizes and directions for school districts between 
classes.  
The findings of this study suggested that future school district effectiveness 
research should consider the following aspects: (a) incorporate savvy and comprehensive 
metrics to evaluate school district effectiveness, including indicators measuring both 
within-classroom practice and outside-classroom practices; (b) include covariates such as 
average teacher experience and attendance rates in the model to obtain a more precise 
estimation of the effects of school district demographic characteristics on SDE growth 





classification of different SDE growth groups in future district effectiveness research;  
and (d) encourage leaders across and within states with different SDE class patterns to 
discuss and compare leadership practices and policies that are happening during 
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TABLES AND FIGURES 
Table 1 
Descriptive Statistics for All School Districts Performance Score 2009-2010 to 2015-
2016 (n = 11,340) 
Variable N Mean (SD) Min Max 
Score 2009 11340 244.80 13.21 171.05 308.12 
Score 2010 11109 245.14 12.98 174.38 314.97 
Score 2011 11104 245.46 12.88 171.75 305.47 
Score 2012 11049 245.76 13.21 171.58 307.26 
Score 2013 10914 246.20 13.41 181.65 306.16 
Score 2014 8737 245.91 13.36 172.40 308.04 
Score 2015 9266 244.15 13.66 143.34 304.71 








Descriptive Statistics for All School Districts Performance Score 2009-2010 to 2015-
2016 in the Final Analyzed Data (n = 11,185) 
Variable N Mean (SD) Min Max 
Score 2009 11185 244.87 13.07 171.05 303.29 
Score 2010 11032 245.19 12.90 174.38 314.97 
Score 2011 11033 245.51 12.80 171.75 305.47 
Score 2012 10976 245.82 13.11 171.58 307.26 
Score 2013 10848 246.23 13.36 181.65 306.16 
Score 2014 8687 245.94 13.33 172.40 308.04 
Score 2015 9208 244.20 13.59 143.34 304.71 








Descriptive Statistics for All School Districts Covariates 2009-2010 in the Final Analyzed 
Data (n = 11,185) 
Variable Mean (SD) Min Max 
Urban (vs. suburban) 0.06 0.24 0 1.00 
Small Town (vs. suburban) 0.20 0.40 0 1.00 
Rural (vs. suburban) 0.51 0.50 0 1.00 
Small enrollment (vs. medium) 0.47 0.50 0 1.00 
Large enrollment (vs. medium) 0.27 0.44 0 1.00 
Extra Large enrollment (vs. medium) 0. 07 0.26 0 1.00 
Student – Teacher ratio 14.88 24.60 0.41 2586.34 
% Special Education students 0.14 0.05 0 1.00 
% Free Lunch Students 0.05 0.10 0 0.96 
% English Language Learners 0.16 0.10 0 1.00 
% Native American students 0.01 0.05 0 0.80 
% Asian students 0.01 0.03 0 1.00 
% Hispanic students 0.06 0.10 0 1.00 
% African American students 0.04 0.08 1.00 1.00 
Instruction Expenditure per pupil ($) 6644.82 2631.66 0 56772.22 
Instructional Staff Support Service 




General Administration expenditure 




School Administration expenditure 

















Unconditional Linear Growth Curve Model Fit Statistics 





Chi-Square Test of Model Fit 
Value 117110.07 
Degrees of Freedom 21 
p-value <0.0001 
RMSEA (Root Mean Square of Approximation) 
Estimate 0.135 













Model Results for Unconditional Linear Growth Curve Model  
 Estimate S.E. Est/ S.E. Two-Tailed  
p-Value 
 
I                WITH 
    
S -3.27 0.21 -15.44 <0.0001 
Means     
I 245.12 0.12 2000.39 <0.0001 
S 0.12 0.02 7.56 <0.0001 
Variances     
I 160.90 2.25 71.52 <0.0001 
S 1.81 0.04 46.36 <0.0001 
Residual 
Variances 
    
SDE1 16.97 0.36 47.71 <0.0001 
SDE2 9.56 0.21 46.23 <0.0001 
SDE3 12.28 0.21 57.44 <0.0001 
SDE4 13.80 0.24 57.30 <0.0001 
SDE5 14.93 0.30 50.68 <0.0001 
SDE6 26.98 0.56 48.37 <0.0001 








Unconditional Linear Model Fit Statistics (Sample Size n = 11,185 cases) 
Model Two-Class Three-Class Four-Classa Four-Classb Five-Class Five-Classa 
-Log 
likelihood 
233763.83 233562.65 233454.82 233465.33 -233428.67 233432.27 
AIC 467563.67 467173.31 - 466986.66 - 466959.51 
BIC 467695.48 467349.04 - 467191.69 - 467193.82 
SSBIC 467638.27 467272.77 - 467102.71 - 467092.13 




















































                          
C4 




                          
C5 
   - 7214 
(64.50%) 
GPE (Wald)       
IV 55.40 289.96 - - - - 
SV  28.28 - - - - 
CV 92.89 56.65 - - - - 
Note: AIC=Akaike Information Criteria. BIC = Bayesian Information Criteria. SSABIC = Sample Size Adjusted BIC. 
LMR-LRT = Lo-Mendell-Rubin Likelihood Ratio Test. Adj.LMR-LRT = Adjusted LMR.-LRT BLRT = Bootstrap 
Likelihood Ratio Test. p = p-value. a = Inadmissible solution (i.e., negative variances). b= fixed negative variance to 0 
(Four-class model: fix Class 3 slope variance as 0; five-class model: fix Class 1 and Class 3 slope variance as 0). GPE= 
Growth Parameter Equality. Wald = Wald chi-square test (df =1, 2  for two-, three -class models respectively). 
IV=Intercept Variance. SV=Slope Variance. CV=Covariance 
***p< 0.001 ** p<0.01 *p<0.05. 








Growth Parameters for the Three-Class Model  
 Intercept (I) Linear Slope (S) 
Factor 
Correlation 
(I with S) 





























































 Mean S.D. Mean S.D. Mean S.D. 
Urban (vs. Suburban) 0.03 0.17 0.05 0.22 0.07 0.25 
Small Town (vs. Suburban) 0.06 0.24 0.21 0.41 0.20 0.40 
Rural (vs. Suburban) 0.84 0.36 0.59 0.49 0.45 0.50 
Small Enrollment (vs. Medium 
Enrollment) 
0.90 0.29 0.56 0.50 0.39 0.49 
Large enrollment (vs. Medium 
Enrollment) 
0.04 0.21 0.20 0.40 0.32 0.47 
Extra Large enrollment (vs. 
Medium Enrollment) 
0.005 0.07 0.05 0.23 0.09 0.29 
Student-Teacher ratio 12.72 4.00 13.85 3.02 15.57 31.08 
%English Language Learners 0.15 0.09 0.14 0.05 0.14 0.05 
%Free Lunch Students 0.07 0.16 0.04 0.07 0.05 0.11 
%Special Education students 0.21 0.14 0.16 0.08 0.15 0.11 
%Native American studentsa 0.06 0.13 0.01 0.04 0.01 0.05 
%Asian studentsa 0.005 0.01 0.01 0.02 0.01 0.04 
%Hispanic studentsa 0.07 0.14 0.05 0.09 0.06 0.11 
%African American studentsa 0.03 0.10 0.03 0.06 0.04 0.09 
Instruction Expenditure per 
pupila 
7685.87 4306.46 6749.03 2620.09 6526.3
4 
2489.08 
Instructional Staff Support 
Service per pupila 
722.72 2572.54 419.61 387.57 454.22 632.40 
General Administration 
expenditure per pupila 
671.30 388.18 407.07 321.83 327.66 256.36 
School Administration 
expenditure per pupila 
688.00 471.42 566.78 223.98 581.83 259.10 
Capital Outlay-Construction 
Expenditure per pupila 




a %Native American students, %Asian students, % Asian students, %Hispanic students, % African 
American students, General Administration expenditure per pupil, School Administration expenditure per 
pupil, Instruction expenditure per pupil, Staff Support Service expenditure per pupil, Capital Outlay-
Construction expenditure per pupil are square root transformed and all the continuous variables are 








Latent Variable Multinomial Logistic Regressions Using the 3-step Procedure With Class 
3 (Increasing SDE) as the Reference Group 
Variable Class 1 (Constant SDE) Class 2 (Decreasing SDE) 
 Estimates S.E. 
Odds 
Ratio Estimates S.E. 
Odds 
Ratio 
Urban (vs. Suburban) 4.21*** 1.59 67.25 1.86** 0.55 6.45 
Small Town (vs. 
Suburban) -0.01 0.75  1.23*** 0.33 3.41 
Rural (vs. Suburban) 1.36* 0.53 3.91 1.05*** 0.24 2.86 
Small enrollment (vs. 
Medium Enrollment) 1.84** 0.63 
 
6.34 0.17 0.24  
Large enrollment 0.02 2.14  0.001 0.24  
Extra Large enrollment -25.05 0.001  0.37 0.64  
Student-Teacher ratio -1.35*** 2.21 0.26 -1.23*** 0.18 0.29 
%English Language 
Learners -0.62* 5.67 
 
0.54 -0.73** 0.21 
 
0.48 
%Free Lunch Students 1.22*** 4.10 3.37 0.77** 2.53 2.16 
% Special Education -0.35* 3.30 0.70 -0.03 0.15  
%Native American 
studentsa 0.19 1.98  -0.17 0.11  
%Asian studentsa -1.54*** 23.65 0.21 -1.26*** 0.20 0.29 
%Hispanic studentsa 1.20*** 6.31 3.32 1.19*** 0.28 3.30 
%African Americana 
students -1.09*** 3.60 0.34 -0.89*** 0.17 0.41 
Instruction Expenditure 
per pupila 0.42 0.26  0.49** 0.17 1.63 
Instructional Staff 
Support Service per 
pupila 0.01 0.35  -0.17 0.12  
General Administration 
expenditure per pupila 1.48*** 0.23 
 








pupila 0.18 0.14  0.27* 0.12 1.31 
a %Native American students, %Asian students, % Asian students, %Hispanic students, % 
African American students, General Administration expenditure per pupil, School Administration 
expenditure per pupil, Instruction expenditure per pupil, Staff Support Service expenditure per 
pupil, Capital Outlay-Construction expenditure per pupil are square root transformed and all the 
continuous variables are standardized (z-score) except for and the enrollment and locale 
dichotomous variables. 
 





Table 10  






-Log likelihood 233562.65 236047.89 
AIC 467173.31 467455.74 
BIC 467349.04 468451.57 
SSBIC 467272.77 468019.38 
Entropy 0.40 0.60 
Adj.LMR-LRT(p) 395.29 (p=0.0044) 229.80 (p<0.001) 
BLRT 402.360 (p<0.001) 402.360 (p<0.001) 
Group size  
%  

































 Estimates S.E. 
Stand. 
Coeff. Estimates S.E. 
Stand. 
Coeff. Estimates S.E. 
Stand. 
Coeff. 
Intercept          
Intercept estimates 246.36*** 4.07 - 247.35*** 0.49 - 247.26*** 0.37 - 
Urban (vs. 
Suburban) -20.94*** 5.42 -0.16 -1.62** 0.61 -0.04 -0.73 0.51  
Small Town (vs. 
Suburban) -2.08 3.51  -1.91*** 0.47 -0.09 -1.71*** 0.36 -0.05 
Rural (vs. 
Suburban) -3.15 3.11  -1.83*** 0.49 -0.10 -2.40*** 0.36 -0.09 
Small Enrollment 
(vs. Medium 
Enrollment) -3.88 3.29  -1.22** 3.77 
 





Enrollment) 5.43 3.98  0.75 0.40 
 






Enrollment) 18.79*** 5.31 
 
0.09 0.65 0.69 
 
0.04 -0.30 0.54  
Student-Teacher 
ratio -0.71 0.48  -2.45*** 0.32 -0.24 -2.28*** 0.29 -0.15 
% English 
Language 
Learners -2.04* 0.94 -0.11 -0.34 0.32  -1.58*** 0.30 -0.12 
% Free Lunch 
Students -1.01 0.96  -4.60*** 0.30 -0.50 -8.19*** 0.27 -0.69 
% Special 
Education 
students -0.86 0.64  -0.80* 0.36 -0.10 -0.50 0.27  
% Native American 
studentsa -3.95*** 0.63 -0.27 -0.75*** 0.20 -0.08 -1.60*** 0.18 -0.11 
% Asian studentsa 3.93** 1.33 0.14 2.36*** 0.32 0.22 1.78*** 0.18 0.15 
% Hispanic 
studentsa -4.65*** 1.08 -0.23 -1.51*** 0.37 -0.18 -1.19** 0.34 -0.09 
% African 
American 
studentsa -5.47*** 0.89 -0.25 -1.55*** 0.21 -0.17 -1.99*** 0.19 -0.15 
Instruction 
Expenditure per 
pupila 0.96 1.04  -0.40 0.36  1.08** 0.33 0.07 
Instructional Staff 
Support Service 
per pupila -1.54** 0.54 
 
-0.14 -0.94* 0.48 
 






















pupila 0.78 0.60  0.22 0.15  0.003 0.12  
Slope          
Slope Estimates -0.56 0.99  -0.97*** 0.12  0.37*** 0.07  
Urban (vs. 
Suburban) 1.14 1.22  -0.27* 0.22 -0.05 -0.01 0.06  
Small Town (vs. 
Suburban) 0.16 0.72  -0.19* 0.09 -0.06 0.01 0.04  
Rural (vs. 
Suburban) 0.34 0.76  0.09 0.09  0.09* 0.04 0.33 
Small enrollment 
(vs. Medium 
Enrollment) 0.57 0.47  0.17 0.08  0.09* 0.04 
 
0.31 
Large enrollment -0.14 0.52  0.03 0.08  0.02 0.04  
Extra Large 
enrollment -1.27 1.02  -0.16 0.12  0.06 0.06  
Student-Teacher 
ratio -0.04 0.07  0.36*** 0.06 0.26 -0.01 0.03  
% English 
Language 
Learners -0.48 0.27  0.10 0.05  0.04 0.03  
% Free Lunch 
Students -0.08 0.26  0.03 0.05  0.01 0.03  
% Special 
Education 
students 0.18 0.19  0.20*** 0.05 0.16 -0.03 0.03  
% Native American 
studentsa -0.20 0.18  0.14** 0.04 0.11 -0.02 0.02  
% Asian studentsa -0.05 0.28  0.17*** 0.04 0.12 0.08*** 0.02 0.64 
% Hispanic 
studentsa -0.36 0.31  -0.18*** 0.05 -0.16 -0.12** 0.03 -0.71 
% African 
American 
studentsa -0.06 0.28  -0.03 0.04  -0.03 0.02  
Instruction 
Expenditure per 
pupila -0.40 0.25  -0.34*** 0.05 
 









pupila 0.04 0.25  -0.18** 0.06 
 








pupila -0.07 0.21  -0.12*** 0.03 
 
-0.10 0.03 0.01 
 
 
a %Native American students, %Asian students, % Asian students, %Hispanic students, % African American students, 
General Administration expenditure per pupil, School Administration expenditure per pupil, Instruction expenditure per 
pupil, Staff Support Service expenditure per pupil, Capital Outlay-Construction expenditure per pupil are square root 
transformed and all the continuous variables are standardized (z-score) except for and the enrollment and locale 
dichotomous variables. 










Figure 1. Growth mixture model used for the analysis of latent growth trajectories,  
using 7-year time span mean scores of mathematical and reading tests from 



































































































































































































Figure 3. Longitudinal school district effectiveness trajectories 
Three latent class trajectories were identified from the growth mixture model, which are 
named as the Constant School District Effectiveness (Constant SDE) group, Decreasing 
School District Effectiveness group (Decreasing SDE), and Increasing School District 
Effectiveness group (Increasing SDE). 300 School Districts are randomly selected from 
each class. Each black line represents the trend of one district in 7-year district 







Figure 4. Class sizes for three groups for each state 
Note: 
CSDE = Constant School District Effectiveness 
DSDE = Decreasing School District Effectiveness 









TITLE: 3-Class Unconditional Model; 
  Data: 
    File is C:\Users\Ni\Desktop\new_sqrtFV_SD6V_withN.dat; 
  Variable: 
    names are ID S09-S15 x1-x19 N; 
    MISSING=all(999); 
    usevariables =ID S09-S15; 
    IDVARIABLE=ID; 
    CLASSES=C(3); 
  SAVEDATA: FILE=C:\Users\Ni\Desktop\3class_unconditional.txt 
     SAVE=CPROB; 
  ANALYSIS: TYPE=MIXTURE; 
     STARTS=200 10; !how many randomly selected starting values to use 
    STITERATIONS=10; !The maximum iterations starting in the initial stage 
       LRTBOOTSTRAP=50; !in conjunction with TECH14 option to specify the number 
of boostrpap 





  i s | S09@0 S10@1 S11@2 S12@3 S13@4 S14@5 S15@6; 
  %C#1% 
  [I-S](M1-M2);!Name and free IS Mean 
  I-S (V1-V2); ! Name and free IS Variances as V1 and V2 
  I WITH S (COV1); ! Name and free IS Variances as COV1 
  %C#2% 
  [I-S](M3-M4); 
  I-S (V3-V4); 
  I WITH S (COV2); 
  %C#3% 
   i s on x1-x19;  
  [I-S](M5-M6); 
  I-S (V5-V6); 
  I WITH S (COV3); 
  OUTPUT: SAMPSTAT TECH4 TECH7 TECH11 TECH14; 







TITLE: The 3-step Conditional Model- Estimates covariates on latent variable 
  Data: 
    File is C:\Users\Ni\Desktop\new_sqrtFV_SD6V_withN.dat; 
  Variable: 
    names are ID S09-S15 x1-x19 N; 
    MISSING=all(999); 
    usevariables =ID S09-S15 x1-x19; 
    AUXILIARY=(R3STEP) x1-x19; ! Use-three step approach to estimate the effects of 
covariates on the latent variables 
    CLASSES=C(3); 
    IDVARIABLE=ID; 
  SAVEDATA: 
FILE=C:\Users\Ni\Desktop\3class_118153STEPWITHX_newSDwithN_isestimates.txt 
     SAVE=CPROB; 
  ANALYSIS: TYPE=MIXTURE; 
     STARTS=200 10; !how many randomly selected starting values to use 
    STITERATIONS=10; !The maximum iterations starting in the initial stage 






  MODEL: %OVERALL%  !Specify an overall model 
  i s | S09@0 S10@1 S11@2 S12@3 S13@4 S14@5 S15@6; 
  %C#1% 
  [I-S](M1-M2);!Name and free IS Mean 
  I-S (V1-V2); ! Name and free IS Variances as V1 and V2 
  I WITH S (COV1); ! Name and free IS Variances as COV1 
  %C#2% 
  [I-S](M3-M4); 
  I-S (V3-V4); 
  I WITH S (COV2); 
  %C#3% 
   i s on x1-x19;  
  [I-S](M5-M6); 
  I-S (V5-V6); 
  I WITH S (COV3); 
  OUTPUT: SAMPSTAT TECH4 TECH7 TECH11 TECH14; 






TITLE: The 3-step Conditional Model- Estimate Longitudinal Effects of Covariates 
within Each Class; 
  Data: 
    File is C:\Users\Ni\Desktop\new_sqrtFV_SD6V_withN.dat; 
  Variable: 
    names are ID S09-S15 x1-x19 N; 
    MISSING=all(999); 
    usevariables =S09-S15 x1-x19 N; 
    NOMINAL=N; 
    !AUXILIARY=(R3STEP) x1-x19; 
    CLASSES=C(3); 
    !IDVARIABLE=ID; 
  SAVEDATA: 
FILE=C:\Users\Ni\Desktop\3class_11815Manually3STEPWITHX_newSDwithN_isesti
mates_o 
     SAVE=CPROB; 
  ANALYSIS: TYPE=MIXTURE; 
     STARTS=200 10; !how many randomly selected starting values to use 





       LRTBOOTSTRAP=50; !in conjunction with TECH14 option to specify the number 
of boostrpap 
  MODEL: %OVERALL%  !Specify an overall model 
  i s | S09@0 S10@1 S11@2 S12@3 S13@4 S14@5 S15@6; 
  i s on x1-x19; ! Need to specify first on model part so as to get estimated within class 
effects of predictors on each class  
  %C#1% 
  [N#1@0.116];[N#2@-3.902]; !0.116 is the logits for the classification probabilities for 
the most likely latent class 1 by latent class1; and -3.902 is the logits for the classification 
probabilities for the mostly like1y latent class 2 by latent class 1 
  i s on x1-x19; !Estimating within class effects of the predictors 
  [I-S](M1-M2);!Name and free IS Mean 
  I-S (V1-V2); ! Name and free IS Variances as V1 and V2 
  I WITH S (COV1); ! Name and free IS Variances as COV1 
  %C#2% 
  [I-S](M3-M4); 
  I-S (V3-V4); 





  [N#1@0.151];[N#2@ 0.737];! 0.151 is the logits for the classification probabilities for 
the most likely latent class 1 by latent class2; and 0.737 is the logits for the classification 
probabilities for the mostly like1y latent class 2 by latent class 2 
  i s on x1-x19; 
  %C#3% 
  [N#1@-1.431];[N#2@ -5.391];! -1.431 is the logits for the classification probabilities 
for the most likely latent class 1 by latent class3; and -5.391 is the logits for the 
classification probabilities for the mostly like1y latent class 2 by latent class 3 
  i s on x1-x19;  
  [I-S](M5-M6); 
  I-S (V5-V6); 
  I WITH S (COV3); 
  s@0; !Fix slope variance for class 3 as 0 since it was not significant from the 
unconditional model 
  OUTPUT: SAMPSTAT TECH4 TECH7 TECH11 TECH14; 
  PLOT:SERIES=S09-S15(S);TYPE=PLOT3; 
